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A two-stage framework for cross-domain sentiment classification
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ARTICLE INFO ABSTRACT

Supervised sentiment classification systems are typically domain-specific, and the performance
decreases sharply when transferred from one domain to another domain. Building these systems involves
annotating a large amount of data for every domain, which needs much human labor. So, a reasonable
way is to utilize labeled data in one existed (or called source) domain for sentiment classification in target
domain. To address this problem, we propose a two-stage framework for cross-domain sentiment classi-
fication. At the “building a bridge” stage, we build a bridge between the source domain and the target
domain to get some most confidently labeled documents in the target domain; at the “following the
structure” stage, we exploit the intrinsic structure, revealed by these most confidently labeled docu-
ments, to label the target-domain data. The experimental results indicate that the proposed approach
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could improve the performance of cross-domain sentiment classification dramatically.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Different from traditional text classification (e.g. Tan, 2005,
2006; Tan, Cheng, Ghanem, Wang, & Xu, 2005), sentiment classifi-
cation, whose goal is to determine the opinion (e.g., negative or po-
sitive) of a given document, has recently received a lot of attention
in the Natural Language Processing (NLP) community.

In most cases, a variety of supervised classification methods can
perform well in sentiment classification (Pang, Lee, & Vaithyana-
than, 2002). But when training data and test data are from different
domains, the supervised classification methods often cannot per-
form well. The reason is that training data do not have the same
distribution with test data so test data could not share the informa-
tion from training data. This is often found in the following two
cases. One case is that there are different features in different do-
mains. For instance, the word “warm-hearted” frequently appears
in hotel reviews, but it hardly appears in electronics reviews. On
the other hand, some features that have high correlations with cer-
tain class labels in the training domain do not have as high corre-
lations with the same class labels any more in the new domain, and
vise versa (Jiang & Zhai, 2007). For instance, the word “portable”
may be positive in electronics reviews, but it means nothing in ho-
tel reviews.

Therefore, the labeled data in the same domain with test data is
considered as the most valuable resources for the sentiment classi-
fication. However, such resources in different domains are very
imbalanced. In some traditional domains or domains of concern,
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many labeled sentiment data are freely available on the web, but
in other domains, labeled sentiment data are scarce and it involves
much human labor to manually label reliable sentiment data. So,
the challenge is how to utilize labeled sentiment data in one do-
main (that is, source domain) for sentiment classification in an-
other domain (that is, target domain). This raises an interesting
task, cross-domain sentiment classification (or sentiment transfer).
In this work, we focus on one typical kind of sentiment transfer
problem, which utilizes only training data from source domain to
improve sentiment classification performance for target domain,
without any labeled data for the target domain.

Realizing the challenges posed by sentiment transfer, some
researchers have explored a number of techniques to improve
the performance of the sentiment transfer. However, the difficul-
ties for sentiment transfer are as follows: the first one is that the
distribution of the target domain is not same with that of the
source domain, and hence we need to build a bridge to share
the information got from the source domain; the second one is
the intrinsic structure of the target domain is static, so we need
to utilize the intrinsic structure collectively revealed by target
domain. In brief, a good method for sentiment transfer is expected
to utilize the information contained in the source domain as much
as possible, and moreover, follow the intrinsic structure revealed
by target domain as much as possible.

In light of the difficulties for sentiment transfer, we address the
task of sentiment transfer via a “building a bridge, following the
structure” two-stage framework. Specifically, at the “building a
bridge” stage, we build a bridge between the source and the target
domain by applying the SentiRank algorithm (which uses the accu-
rate labels of source-domain documents as well as the “pseudo” la-
bels of target-domain documents to label the target-domain
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documents initially), and then choose some high-quality seeds
from the target domain which are most confidently labeled. At
the “following the structure” stage, we utilize the intrinsic struc-
ture (by employing the manifold-ranking process) to compute
the sentiment score for every document that denotes the degree
of sentiment orientation. So we can label the target-domain data
based on these scores.

Our contribution is threefold. First, while existing sentiment-
transfer approaches typically rely on a generative model, our
approach build a bridge between two domains to get some high-
quality seeds from the target domain, then follow the structure
embodied by the seeds to improve the performance of sentiment
transfer. Second, while existing manifold-ranking-based ap-
proaches typically start with manually labeled seeds, our approach
relies only on seeds that are automatically extracted and labeled
from the target domain. Third, we contribute by making use of
the graph-ranking algorithm to get the opinions of the documents
context-dependently.

The proposed approach is evaluated on three domain-specific
sentiment data sets. The experiment results show that our ap-
proach can dramatically improve the accuracy when transferred
to another target domain. And we also conduct extensive experi-
ments to investigate the parameters sensitivity.

2. Related work
2.1. Sentiment classification

Sentiment classification could be grouped into word level, sen-
tence level or document level. This paper focuses on document-le-
vel sentiment classification, and supervised classification methods
are proved to be effective to address this problem.

Supervised classification methods (e.g. (Pang et al., 2002;
McDonald, Hannan, Neylon, Wells, & and Reynar, 2007; Cui, Mittal,
& Datar, 2006)) usually train a sentiment classifier on labeled data
for sentiment classification task. It has drawn more and more
attention because of its applications in many aspects. Pang et al.
(2002) applied three traditional supervised classification methods
to sentiment classification, and the experimental results showed
that standard machine learning techniques definitively outper-
formed human-produced baselines. McDonald et al. (2007) inves-
tigated a structured model for jointly classification of reviews
when varying the level of granularity. Cui et al. (2006) presented
experimental results with different machine-learning algorithms
over huge amount of online product reviews. The experimental re-
sults showed that a discriminating classifier combined with high
order n-grams as features could achieve better performance.

However, supervised sentiment classification requires that la-
beled and unlabeled data should be under the same distribution,
so that the classifier built by the labeled data could be well applied
to the unlabeled data. But in sentiment transfer field, the labeled
and unlabeled data are often from different domains, and often
have different distributions. This is inconsistent with the basic
requirements of supervised methods, thus this kind of effective
methods cannot be directly used in cross-domain sentiment
classification.

2.2. Semi-supervised learning

In practical text categorization, labeled documents are often
very sparse while there are often abundant unlabeled documents.
As a result, exploiting these unlabeled data has become an active
research problem in text classification recently.

Nigam, McCallum, Thrun, and Mitchell (1998) introduced an
EM-like approach that combines Expectation—-Maximization (EM)
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algorithm with Naive Bayes classifier. In this algorithm, He first de-
rived pseudo labels for unlabeled documents, and then incorporate
these unlabeled data into supervised learning. This process will be
iterated until convergence.

Following this direction, Lanquillon (2000) described a general
framework for extending any text-learning algorithm to utilize
unlabeled documents. In this framework, he also used an Expecta-
tion-Maximization-like scheme. In his work, he used three tradi-
tional methods, i.e., Naive Bayes classifier, Single Prototype (or
Centroid) classifier, and SVM, as base classifier.

Blum and Mitchell (1998) proposed a Co-Training method that
splits the original feature set into two conditional independent fea-
ture sets. The algorithm initially trains two classifiers separately
based on labeled data, and then each algorithm’s predictions on
new unlabeled examples are used to enlarge the training set of
the other. He also provided a PAC-style framework for the general
problem of learning from both labeled and unlabeled data.

Joachims (1999) modified SVM to exploit the unlabeled data
(often called TSVM). TSVM expects to find a low-density area of
data and constructs a linear separator in this area so that the mar-
gin over both the labeled data and the unlabeled data can be
maximized.

Chawla and Karakoulas (2005) presented an empirical study of
various semi-supervised learning techniques on a variety of data-
sets. They also introduced two techniques from Econometrics,
namely reweighting and bivariate probit, for semi-supervised
learning. Meanwhile, they answered various questions that could
be important to learn from labeled and unlabeled datasets.

Ando and Zhang (2005) presented a novel semi-supervised
learning paradigm called structural learning. The method intended
to find what good classifiers were like by learning from thousands
of automatically generated auxiliary classification problems on
unlabeled data. By doing so, the common predictive structure
shared by the multiple classification problems could be discovered,
and they could then be used to improve the performance of the tar-
get problem.

Ikeda, Takamura, and Okumura (2008) proposed a semi-super-
vised blog classification method. In this method, they assumed that
entries from the same blog had the same characteristics. With this
assumption, the proposed method captured the characteristics of
each blog, such as writing style and topic, and used these charac-
teristics to improve the classification accuracy.

2.3. Transfer learning

Transfer learning aims to utilize labeled data from other do-
mains or time periods to help current learning task, and the under-
lying distributions are often different from each other.

In the past years, many researchers have been working on this
field and have proposed many approaches, including classifier
adaptation (Chelba & Acero, 2004; Daumelll & Marcu, 2006),
bridged refinement (Xing, Dai, Xue, & Yu, 2007), two-stage ap-
proach (Jiang & Zhai, 2007), consensus regularization framework
(Luo, Zhuang, Xiong, Xiong, & He, 2008) and so on. Chelba and
Acero (2004) presented a novel technique for maximum “a poste-
riori” (MAP) adaptation of maximum entropy and maximum en-
tropy Markov models. Daumelll and Marcu (2006) introduced a
statistical formulation for domain adaptation in terms of a simple
mixture model. They also presented an instantiation of this frame-
work to maximum entropy classifiers and the linear chain counter-
parts. Xing et al. (2007) proposed a bridged refinement algorithm,
which take the mixture distribution of the training and test data as
a bridge to better transfer from the training data to the test data.
Jiang and Zhai (2007) presented a two-stage approach to domain
adaptation. At the first generalization stage, they looked for a set
of features generalizable across domains, and at the second stage,
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they picked up useful features specific to the target domain. Luo
et al. (2008) proposed a consensus regularization framework
where a local classifier was trained by considering both local data
in a source domain and the prediction consensus with the classifi-
ers from other source domains. Raina, Battle, Lee, Packer, and Ng
(2007) presented a new transfer-learning framework called “self-
taught learning”. They used sparse coding to construct higher-level
features over a large number of unlabeled data randomly down-
loaded from the Internet. These features formed a succinct input
representation and significantly improved classification perfor-
mance. Do and Ng (2005) proposed an algorithm for automatically
learning the parameter function from related classification prob-
lems. The parameter function found by their algorithm then de-
fined a new learning algorithm for text classification, which
could be applied to novel classification tasks.

Recently, some researchers attempted to address sentiment
transfer learning.

Some studies rely on only the labeled documents to improve
the performance of sentiment transfer (e.g. (Aue & Gamon, 2005;
Blitzer, Dredze, & Pereira, 2007; Tan, Wang, Wu, & Cheng, 2008,
2009; Dasgupta & Ng, 2009)). Aue and Gamon (2005) used four dif-
ferent approaches to customize a sentiment classification system
to a new target domain using a small amount of labeled training
data. Blitzer et al. (Blitzer et al., 2007) applied structural correspon-
dence learning to automatically induce correspondences among
features from different domains. Tan et al. (2008) used classifier
trained in source domain to label some informative unlabeled
examples in target domain, and trained the base classifier again.
In another paper of Tan, Cheng, Wang, and Xu (2009), they pro-
posed Frequently Co-occurring Entropy to pick out generalizable
features that occurred similarly in both domains, and then pro-
posed Adapted Naive Bayes to train a classifier suitable for the
target-domain data. Dasgupta and Ng (2009) proposed a semi-
supervised approach to sentiment classification, where they first
mined the unambiguous reviews using spectral techniques and
then exploited them to classify the ambiguous reviews via a novel
combination of active learning, transductive learning, and ensem-
ble learning.

Moreover, some studies rely on only the sentiment words to im-
prove the performance of sentiment transfer (e.g. (Gamon & Aue,
2005; Andreevskaia & Bergler, 2008)). Aue and Gamon (2005) pro-
posed a method to automatically identify the sentiment vocabu-
lary suitable for a given domain. Andreevskaia and Bergler (2008)
presented a sentiment annotation system that integrated a cor-
pus-based classifier trained on a small set of annotated in-domain
data and a lexicon-based classifier trained on WordNet.

However, most of the existing studies rely on only utilizing the
information from the source domain to address the task of senti-
ment transfer, while ignoring the intrinsic structure of the target
domain.

In this paper, we design an algorithm for sentiment transfer by
taking into account the relationship between source domain and
target domain as well as the intrinsic structure of the target
domain.

3. Our approach
3.1. Overview

As mentioned in the introduction, we employ a two-stage
framework for sentiment transfer. The framework of the proposed
approach is illustrated in Fig. 1.

The framework consists of two stages: a “building a bridge”
stage and a “following the structure” stage. At the “building a
bridge” stage, we (1) build a bridge between the source domain

Source

Domain »  SentiRank [«
Data

v

Get Initial
Sentiment Scores
of the Target-
Domain Data

v

Choose Seed

Target
Domain
Data

Set
“Building a Bridge ”
Stage
“Following the Structure ]
4 Stage
> Manifold
Ranking
No
Positive\
C Y .
onverge e Negative

Fig. 1. Framework of the proposed approach.

and the target domain with the help of a SentiRank algorithm to
get the sentiment scores of the target-domain documents, (2) uti-
lize the sentiment scores to identify a small number of most con-
fidently labeled documents as high-quality seeds to embody the
intrinsic structure of the target domain. At the “following the
structure” stage, we (3) follow the structure of the target domain
by applying a manifold-ranking algorithm; (4) use the manifold-
ranking scores to label the target-domain data.

The algorithms of building a bridge and following the structure
are described in details in the next sections, respectively.

3.2. Building a bridge

We begin by making some preprocessing on the datasets. Spe-
cifically, we use ICTCLAS (http://ictclas.org/), a Chinese text POS
tool, to segment these Chinese reviews. Then, the documents are
represented by vector space model. In this model, each document
is converted into bag-of-words presentation in the remaining term
space, and the term weight is computed with the frequency of the
term in the document.

In this step, we take into account these two objections: we aim
to (1) get the labels of the target-domain documents while utilizing
the information of the source domain, and then (2) identify the
high-quality documents which are most confidently labeled.

For the first objection, we use the SentiRank algorithm to build a
bridge between the source domain and the target domain.

The SentiRank method (Wu, Tan, & Cheng, 2009) is an algorithm
for sentiment transfer and it is used to get the sentiment orienta-
tions of the target-domain documents utilizing the similarity be-
tween the documents from both the source domain and the
target domain. The prior assumption of SentiRank is: if a document
is strongly linked with positive (negative) documents, it is proba-
bly positive (negative). An intuitive description of SentiRank is as
follows: A weighted graph is built from the data, and a sentiment
score is assigned for every labeled and unlabeled document to
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denote its extent to “negative” or “positive”, then the score is iter-
atively calculated making use of the accurate labels of source-do-
main data as well as the “pseudo” labels of target-domain data
via the weighted graph. The final score for sentiment classification
is achieved when the algorithm is converged, so the target-domain
data can be labeled based on these scores.

The SentiRank process in our context can be described as
follows:

1. In this algorithm, DY denotes the test data, and D* denotes the
training data; assign every document a sentiment score (“1”
denotes positive, and “—1" denotes negative) to represent its
degree of sentiment orientation. S” denotes the sentiment score
set of DY, and S’ denotes the sentiment score set of D-.

2. Classify DY with a traditional supervised classifier which is
trained by D" (e.g. prototype classifier (Han & Karypis, 2000),
Support Vector Machine (Vapnik, 1998) et al.). Initialize SV U S
with 1 when the corresponding document is labeled “positive”,
and with —1 when the corresponding document is labeled “neg-
ative”. And normalize the sentiment scores to make the sum of
positive scores of DY(D*) equal to 1, and the sum of negative
scores of DY(D!) equal to —1.

3. Build a graph whose nodes denote documents in both D" and DY
and edges denote the content similarities between documents.
Create a similarity matrix U from the data points D" and DY.
Normalize U to U by making the sum of each row equal to 1.
Then sort every row of Uto Uin descending order in order to
find the neighbors of a document, and use a matrix N to denote
the neighbors of DV in source domain. So SY can be calculated
using the sentiment scores of the DY’s neighbors in source
domain as follows:

S 2 3™ (D w0, M

JjeN;,

where ie means the ith row of a matrix, s’ denotes the ith com-
) denotes the jth com-

ponent of SV at the kth iteration, and s;*'
ponent of St at the (k — 1)th iteration.

4. Similarly, a graph is built, in which each node corresponds to a
document in DY and the weight of the edge between any differ-
ent documents is computed by the cosine measure. Create a
similarity matrix V from the data points DV. V is similarly nor-
malized to V to make the sum of each row equal to 1. Then sort
every row of VtoVin descending order to get the neighbors of
DY in the target domain, M. So SY can be calculated using the
sentiment scores of the DUs neighbors in target domain as
follows:

SO =3 (V,»j x s}’("-”). 2)

JjeMi,

5. In order to make use of the neighbors of DV in both source
domain and target domain, fuse the result of step 3 and step
4, and get the iterative equation as follows to compute SY at
the kth iteration:

S0 — qUsHk 4 gysUe), (3)

In order to converge, normalize SY at every iteration to make the
sum of positive scores of DV equal to 1, and the sum of negative
scores of DY equal to —1.

6. Iteratively calculate the SY of DY and normalize it until it
achieves the convergence.

7. According to SY, assign every document of DV a label. If the sen-
timent score is between —1 and 0, assign the document the
label “negative”; if the sentiment score is between 0 and 1,
assign the document the label “positive”.
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In this algorithm, & andp show the relative importance of source
domain and target domain to the final sentiment scores, and
o+ B=1. According to (Wu et al,, 2009), in our experiments, we
set o to 0.7 and B to 0.3, which indicates the contribution from
source domain is a little more important than that from target do-
main. Note that the algorithm achieves the convergence when the
changing between the sentiment scores computed at two succes-
sive iterations for all documents in the target domain falls below
a given threshold, and we set the threshold 0.00001 in this work.

Next, we find the high-quality documents from the target do-
main. To do this, we make use of the sentiment score which de-
notes its corresponding document’s extent to ‘“negative” or
“positive”. Firstly, we sort the target-domain documents in
descending order according to their sentiment scores. So the more
forward the document is sorted, the more likely it is positive; the
more backward the document is sorted, the more likely it is nega-
tive. Then, we choose the first K documents and last K documents
as the high-quality documents. In the rest of the paper, we will re-
fer to these high-quality documents as seeds.

In order to prove this algorithm can produce high-quality seeds,
we show in Table 1 the labeling accuracies of the K seeds produced
by the SentiRank algorithm transferred between our three datasets
(see Evaluation Section for details on these datasets). To better
evaluate the parameter K, we set K from 50 to 290, an increase of
40 each. Seen from the table, the accuracy decreases gradually with
the increase of K. This proves that our approach is effective to sort
the target-domain documents according to their opinion extent:
the more seeds are chosen, the more noises and uncertainty are in-
volved in the seed set, so the bigger K is, the less accurately the
chosen seeds are classified. As we can see, for three tasks (B — H,
H — N,N — H), the accuracy is above 89%, and for two tasks
(B — N,H — B), the accuracy is above 75%. This high accuracy dem-
onstrates that our approach is well enough to choose high-quality
seeds. For the task “N — B”, the accuracy is not particularly good.
One plausible reason is that the difference between notebook re-
views and book reviews is too big for transferring. However, even
with imperfectly labeled seeds, we will show in Evaluation Section
that our approach can improve the performance of sentiment
transfer exploiting these seeds.

3.3. Following the structure

SentiRank algorithm allows us to build a bridge between the
source domain and the target domain, but we haven't utilized
the distribution of the target domain. In fact, being able to follow
the intrinsic structure of the target domain is important for senti-
ment transfer, as discussed before. Now that we have a small, high-
quality seed set which embody the intrinsic structure of the target
domain, we can make better use of the seeds by utilizing the
manifold-ranking method and having it improve the performance
of sentiment transfer.

The manifold-ranking method (Zhou, Weston, Gretton, &
SchOlkopf, 2003) is a universal ranking algorithm and it is initially

Table 1

Seed accuracies on six tasks.
Domain K

50 90 130 170 210 250 290

B->H 0.95 0.9222 0.923 0.9294 09333 0934 0.924
B-N 0.82 0.8778 0.8923 0.8912 0.8905 0.882 0.886
H-B 0.80 0.8055 0.8115 0.8117 0.8024 0.754 0.7431
H-N 0.93 0.9277 0.923 0.9235 09214 091 0.9086
N-B 0.74 0.75 0.7461 0.7264 0.7142 0.712 0.681
N->H 09167 09111 0.9 0.8976 0.8990 0.898 0.8972
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used to rank data points along their underlying manifold structure.
The prior assumption of manifold-ranking is: (1) nearby points are
likely to have the same ranking scores; (2) points on the same
structure (typically referred to as a cluster or a manifold) are likely
to have the same ranking scores. An intuitive description of mani-
fold-ranking is as follows: a weighted network is formed on the
data, and a positive rank score is assigned to each known relevant
point and zero to the remaining points which are to be ranked. All
points then spread their ranking score to their nearby neighbors
via the weighted network. The spread process is repeated until a
global stable state is achieved, and all points obtain their final
ranking scores.

Given that we now have a high-quality seed set, we build the
weighted network whose points denote documents in DY. Also,
we integrate the sentiment scores of the seeds into the manifold-
ranking process. So the sentiment manifold-ranking process can
be formalized as follows:

Givena pointset y = {X1,...,XiXK+1, - - -, X2k X2K+1, - - -, Xn} C R™, the
first K points x;(1 < i < K) are the seeds which are labeled “positive”,
the second K points x;(K + 1 < j < 2K) are the seeds which are labeled
“negative”, and the remaining points x,(2K+ 1 < u < n) are unla-
beled. Let F: ¥ — R? denote a ranking function which assigns to each
pointx;(1 < i < n)aranking value vector F,. We can view Fas a matrix
F=1F,...,FI". We also define a n x 2 matrix Y=[Y;,Y,], where
Yi=[Y1i1,. ... Yer, Y110 - - -‘Ym]T and Y =[Y12,..., Y2, Yie1.20 - - -,Ynz]T
with Yj;; = 1 if x; is labeled as “positive” and Yj; = 1 is x; is labeled as
“negative”. The manifold ranking algorithm used for sentiment
transfer goes as follows:

1. Compute the pair-wise similarity values between points using
the cosine measure. The weight associated with term ¢ is calcu-
lated with the tfidf; formula, where tf; is the frequency of term
tin the document and idf; is the inverse document frequency of
term t, i.e. 1+log(N/n;), where N is the total number of docu-
ments and n, is the number of the documents containing term
t. Given two points x; and x;, the cosine similarity is denoted
as sim(x; x;), computed as the normalized inner product of the
corresponding term vectors.

2. Connect any two points with an edge if their similarity is not 0.
We form the affinity matrix W defined by Wj; = sim(x;,x;) if i # j,
and we let W;; = 0 to avoid loops in the graph built in the next
step.

3. Construct the matrix S=D""2WD~'2 in which D is a diagonal
matrix with its (i,i)-element equal to the sum of the ith row
of W.

4, Iterate F(t+1)=aSF(t)+ (1 — a)Y until convergence, where o is
a parameter in (0,1).

5. Let F* denote the limit of the sequence {F(t)}. Then every docu-
ment x; (K+1 <j < n) gets its ranking score vector F;.

In the manifold-ranking algorithm, the weight matrix W is nor-
malized symmetrically in the third step, which is necessary to
prove the algorithm’s convergence. During the fourth step, every
point receives the information from its neighbors (first term),
and also retains its initial information (second term). The parame-
ter of manifold-ranking weight o specifies the relative contribu-
tions to the ranking scores from its neighbors and its initial
ranking scores. According to (Zhou et al., 2003), in our experiment,
we set o to 0.6. It is worth mentioning that self-reinforcement is
avoided since the diagonal elements of the affinity matrix are set
to zero in the second step. Moreover, the information is spread
symmetrically since S is a symmetric matrix.

Zhou et al. (2003) proves that the sequence {F(t)} converges
to

F =pd—aS)”'y. 4)
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Table 2
Accuracy comparison of different methods.

Domain Proto TSVM SentiRank EM EM based Manifold Our

based on based on Approach

on SentiRank Proto

Proto
B—-H 0735 0.749 0.772 0.765 0.774 0.761 0.79
B—-N 0651 0.769 0.714 0.667  0.766 0.745 0.776
H-B 0645 0.614 0.671 0.723  0.671 0.677 0.683
H-N 0729 0.726 0.749 0.657 0.771 0.784 0.784
N-B 0612 0.622 0.638 0.763  0.651 0.665 0.65
N-H 0724 0.772 0.764 0.765 0.777 0.779 0.791

Aver 0.683 0.709 0.718 0.723 0.735 0.735 0.746

In the above formula, =1 — «. Note that although F* can be ex-
pressed in a closed form, for large scale problems, the iteration algo-
rithm is preferable due to computational efficiency. Usually the
convergence of the iteration algorithm is achieved when the differ-
ence between the scores computed at two successive iterations for
any point falls below a given threshold (0.00001 in this study).

Finally, we label the documents in target domain according to
their ranking score vector. For each document x;(1<i<n), if
Yi1 > Y, assign the document the label “positive”; if Y;; < Yj,, assign
the document the label “negative”.

4. Evaluation

Some researchers conducted sentiment-transfer research on
English corpus, which are obtained from one web site, and are all
product reviews. In order to highlight the domain-specific nature
of sentiment expression, we use reviews not only from different
web sites, but also from domains with less similarity. Aimed at
Chinese applications, we conduct the experiments based on the
specialty of Chinese language, and verify the performance on
Chinese web reviews. However, the main proposed approach in
this paper is language independent in essence.

4.1. Experimental setup

For evaluation, we use three Chinese domain-specific data sets
from on-line reviews, which are: Book Reviews' (B, from http://
www.dangdang.com/), Hotel Reviews? (H, from http://www.
ctrip.com/) and Notebook Reviews®> (N, from http://www.360buy.
com/). Each dataset has 4000 labeled reviews (2000 positives and
2000 negatives). We choose one of the three data sets as source-do-
main data, and another data set as target-domain data.

4.2. Baseline systems

In this paper we compare our approach with the following base-
line methods:

Proto: This method applies a traditional supervised classifier,
prototype classifier (Han & Karypis, 2000), for the sentiment trans-
fer. And it only uses source domain documents as training data. Re-
sults of this baseline are shown in column 1 of Table 2. As we can
see, accuracy ranges from 61.25% to 73.5%.

TSVM: This method applies transductive SVM (Joachims, 1999)
for the sentiment transfer which is a widely used method for
improving the classification accuracy. In our experiment, we use
Joachims’s SVM-light package (http://svmlight.joachims.org/) for
TSVM. We use a linear kernel and set all parameters as default. This

1 www.searchforum.org.cn/tansongbo/corpus/Dangdang_Book_4000.rar.

2 www.searchforum.org.cn/tansongbo/corpus/Ctrip_htl_4000.rar.
3 www.searchforum.org.cn/tansongbo/corpus/Jingdong_NB_4000.rar.
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method uses both source domain data and target domain data,
obtaining the results in column 2 of Table 2. As we can see, accu-
racy ranges from 61.42% to 77.17%, which are better than Proto.

SentiRank: We implement the SentiRank algorithm where we
initialize the sentiment scores by prototype classifier. Table 2
shows the accuracy ranges from 63.7% to 77.2% which are much
better than Proto and TSVM.

EM: We implement two versions of the EM algorithm (Demp-
ster, Laird, & Rubin, 1977): one is based on prototype classifier;
the other is based on SentiRank algorithm. Taking an example of
the EM algorithm based on SentiRank algorithm, specifically, we
iteratively train the SentiRank classifier on the data labeled so
far, use it to get the sentiment scores of unlabeled documents in
the target domain, and augment the labeled data with Kz most con-
fidently labeled documents. Since its performance is highly sensi-
tive to Kg, we test values for K; from 10 to 300, an increase of 20
each, and reported in column 5 of Table 2 the best results. As we
can see, since EM is based on SentiRank, its accuracy ranges from
65.1% to 77.7% which are better than other baselines except Man-
ifold. The EM algorithm based on prototype classifier is similar to
the above apart from changing the training classifier from Senti-
Rank to prototype classifier, and its results are in column 4 of Table
2. As we can see, its accuracy ranges from 65.7% to 76.5% which are
better than the first three baselines, while worse then the EM algo-
rithm based on SentiRank algorithm.

Manifold: Our last baseline implements the manifold-ranking
procedure (Zhou et al., 2003) adaptable for sentiment transfer. Spe-
cifically, we begin by training a prototype classifier on the training
data. Then we use the similarity scores between the documents
and the positive central vector and the similarity scores between
the documents and the negative central vector to separately initial
the ranking score vectors of the test data. Finally, we choose K,
documents that are most likely to be positive and Ky, documents
that are most likely to be negative as seeds for manifold-ranking.
Since its performance is highly sensitive to Ky, we test values for
Ky from 10 to 300, an increase of 20 each, and reported in column
5 of Table 2 the best results. As we can see, accuracy ranges from
66.5% to 78.4% which are better than all other baselines.

4.3. Our approach

In this section, we compare the proposed approach with four
baseline methods. There is a parameter, K, in our algorithm. We
set K to 290 to show we choose 2K seeds for manifold-ranking
algorithm. The parameter will be studied in parameter sensitivity
section.

Results of our approach are shown in column 7 of Table 2. As we
can observe, our approach produces much better performance than
all the baselines. The greatest increase of accuracy is achieved by
about 12.7% on the problem “H — N” compared to EM based on
Proto. The second and third greatest increases of accuracy are
achieved by about 12.5% and 6.7% on the problem “B — N” and
“N — H” compared to Proto respectively. The greatest average in-
crease of accuracy is achieved by about 6.3% compared to Proto.
The great improvement compared with the baselines indicates that
our approach performs very effectively and robustly.

Table 2 shows the average accuracies of SentiRank and TSVM
are higher than Proto: the average accuracy of SentiRank is about
3.5% higher than Proto, and the average accuracy of TSVM is about
2.6% higher than Proto. As we know, SentiRank and TSVM utilize
information of both source domain and target domain while Proto
not, so this proves that utilizing the information of two domains is
better than utilizing the information of only one domain for
improving the accuracy of sentiment transfer.

Seen from Table 2, the average accuracies of the last four col-
umns are higher than the first three columns. The greatest increase
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Fig. 2. Accuracy for different K.

of accuracy is achieved by about 6.3% when the 7th column is com-
pared to the 1st column. The least increase of accuracy is achieved
by about 0.5% when the 4th column is compared to the 3'¢ column.
As we know, the last four approaches are all two-stage approaches
while the first three approaches are not, so this proves that two-
stage transfer approach is more effective for sentiment transfer.

Meanwhile, the average accuracy of EM (Manifold) based on
SentiRank showed in column 5 (7) is higher than EM (Manifold)
based on Proto showed in column 4 (6): the average increase of
accuracy of EM based on SentiRank is achieved by about 1.2% com-
pared to EM based on Proto, and the average increase of accuracy
of Manifold based on SentiRank is achieved by about 1% compared
to Manifold based on Proto, which proves that SentiRank can
choose higher quality seeds that embody the intrinsic structure
of the domain for next stage.

Table 2 shows the proposed approach outperforms EM: the
average accuracy of the proposed approach is about 2.2% higher
than EM based on Proto and 1% higher than EM based on Senti-
Rank, and the greatest increase of accuracy is achieved by about
13% on the task “H — N” compared to EM based on Proto. This is
caused by two reasons. First, EM is not dedicated for sentiment-
transfer learning. Second, our approach can follow the intrinsic
structure of the target domain better.

4.4. Parameter sensitivity

In this section, we evaluate the parameter K, and we change K
from 10 to 290, an increase of 20 each. We experiment the sensi-
tivity of K on six tasks as mentioned above. And the results are
shown in Fig. 2. We can see that the curves of these six examples
rise sharply when K increases from 10 to 70, and the curves rise
gradually when K increases from 90 to 230, then they become sta-
ble after K arrives at 230. This is because when K is too small, the
number of seeds is too small to affect the ranking scores of their
nearby neighbors, so the performance of our approach is not so
good. But when K is bigger than 230, although the number of seeds
is big to affect others, the seeds are not accurate enough, and
maybe spread some wrong information to their nearby neighbors,
so the performance of our approach can not be improved. So we set
K to 290 in our overall-performance experiment.

5. Conclusions

We propose a novel two-stage approach for sentiment transfer.
Our key idea is to build a bridge between the source domain and
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the target domain, and follow the intrinsic structure of the target
domain to improve the performance of sentiment transfer. Specif-
ically, we (1) apply the SentiRank algorithm using the accurate la-
bels of source-domain documents as well as the “pseudo” labels of
target-domain documents to get the sentiment scores of the tar-
get-domain documents, (2) utilize the sentiment scores to identify
a small number of most confidently labeled documents as high-
quality seeds, (3) employ the manifold-ranking algorithm to
spread the seeds’ ranking scores to their nearby neighbors to com-
pute the ranking score for every unlabeled document, (4) label the
target-domain data based on these scores. Experimental results on
three domain-specific sentiment data sets demonstrate that our
approach can dramatically improve the accuracy, and can be em-
ployed as a high-performance sentiment transfer system.

In future work, we plan to extent our approach to many more
domains. Also, since none of the steps in our approach is designed
specifically for sentiment classification, we plan to extend our ap-
proach to other text classification tasks.
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